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Abstract

Modeling antibody-antigen interactions in ther-
apeutic discovery remains challenging because
structurally resolved complexes are scarce, ex-
act interfaces are unavailable at inference, and
pairwise structure-based prediction does not scale.
We introduce EpiCLIP, a contrastive dual-encoder
framework that casts antibody-antigen interaction
modeling as dense retrieval over approximate epi-
topes and paratopes. EpiCLIP trains on synthetic
epitope candidates designed to match the noisy
search space encountered at deployment, enabling
both binder retrieval and epitope mapping in a
shared embedding space. Empirically, EpiCLIP
achieves strong performance on both tasks while
operating directly on approximate interface can-
didates. These results suggest that retrieval over
approximate interfaces is a scalable alternative to
exact-interface supervision or exhaustive pairwise
structural modeling for antibody-antigen interac-
tion prediction.

1. Introduction
Antibodies are a major therapeutic modality, making
antibody-antigen interaction modeling important for ra-
tional discovery and candidate prioritization (Lu et al.,
2020). Antigen recognition is mediated primarily by the six
complementarity-determining regions (CDRs) in the anti-
body variable domains, denoted H1-H3 and L1-L3, which
account for most of the sequence and structural diversity
involved in binding. The subset of antibody residues that
directly contacts the antigen is called the paratope, while the
corresponding antigen residues define the epitope. Paratope
residues are typically concentrated within the CDRs, though
framework residues can also contribute to binding (Sela-
Culang et al., 2013). Because antibody-antigen recognition
is mediated by localized interactions, understanding binding
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requires reasoning not only about whether an antibody binds
a target, but also where that interaction is likely to occur
(Dang et al., 2023).

In this work, we focus on two related tasks: binder re-
trieval, which ranks antibodies likely to bind a target anti-
gen, and epitope mapping, which identifies the binding
region for a known antibody-antigen pair. Binder retrieval
may be either blind, when the relevant binding site is un-
known, or guided, when antibodies are prioritized for a
desired antigen region. Experimental methods for resolving
antibody-antigen complexes and interfaces remain too costly
to apply at scale, motivating computational methods that
can model antibody-antigen interactions efficiently while
remaining sensitive to binding-site information (Dang et al.,
2023).

Computational modeling is challenging for three reasons.
First, accurate prediction depends on modeling antibody-
antigen compatibility rather than either molecule in iso-
lation, so screening over N antibodies and M antigens re-
quiresO(MN) pairwise evaluations. Second, true paratope-
epitope interfaces are rarely known at deployment, leaving
only approximate candidate regions derived from weak bi-
ological or structural priors (Jespersen et al., 2019). Third,
experimentally resolved antibody-antigen complexes remain
scarce, limiting direct structural supervision (Dunbar et al.,
2014). To address these challenges, we introduce EpiCLIP, a
unified model for binder retrieval and epitope mapping. Epi-
CLIP recasts antibody-antigen modeling as dense retrieval
over approximate epitopes and paratopes, with indepen-
dent candidate encoding and lightweight similarity-based
retrieval. This replaces O(MN) pairwise evaluations with
O(M + N) candidate encodings and aligns training with
the noisy interface candidates available at inference.

2. Background and Related Work
Antigen-Only Epitope Prediction Methods such as Dis-
coTope (Høie et al., 2024), BepiPred (Clifford et al., 2022),
and related models predict epitopes from antigen sequence,
structure, or local physicochemical context alone. These ap-
proaches are useful for identifying generally likely binding
sites, but do not condition on a specific antibody partner. As
a result, they are not suited to interaction-focused tasks such
as binder retrieval or antibody-specific epitope mapping
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EpiCLIP: Learning Antibody-Antigen Interactions from Approximate Interfaces

Figure 1. EpiCLIP is a dual-encoder framework for antibody-antigen interaction prediction. Antibody and antigen sequences are converted
into approximate paratope and epitope candidates, encoded jointly by contrastive learning, and retrieved in a shared embedding space for
binder ranking and epitope mapping.

(Jespersen et al., 2019).

Complex Structure Prediction At the other extreme are
pairwise structural models that explicitly represent both
binding partners, including co-folding systems such as
AlphaFold-3 (Abramson et al., 2024) and Boltz-2 (Passaro
et al., 2025). These methods directly predict antibody-
antigen complexes and can in principle support epitope
mapping and binder ranking. However, this expressivity
comes at substantial computational cost since each antibody-
antigen hypothesis requires a fresh structure prediction,
making large-scale screening over many candidate pairs
prohibitively expensive in practical discovery settings (Pe-
dotti et al., 2011).

Contrastive Learning for Dense Retrieval EpiCLIP is
inspired by CLIP-style contrastive learning and dense re-
trieval, where two objects are embedded independently and
compared with a simple similarity function (Radford et al.,
2021). This provides a scalable middle ground between
antigen-only epitope scoring and fully pairwise structural
modeling. Concurrent with our work, CALM (Lee et al.,
2026) explores contrastive learning for antibody-antigen
specificity prediction; EpiCLIP differs in its explicit focus
on approximate epitope and paratope candidates and on sup-
porting epitope mapping, guided binder retrieval, and blind
binder retrieval within a single framework.

3. Problem Definition
We formulate antibody-antigen modeling as representation
learning over approximate interface regions. Let x denote
an antigen sequence of length Lx, and let y denote the con-
catenated heavy- and light-chain antibody variable region of
length Ly. Let E ⊆ {1, . . . , Lx} and P ⊆ {1, . . . , Ly} de-
note the true epitope and paratope residue sets. At inference
time, however, E and P are unknown. Instead, EpiCLIP
operates on candidate interface regions: an epitope candi-

date is specified by (x,m), where m ∈ {0, 1}Lx is a binary
mask over antigen residues, and a paratope candidate is spec-
ified by (y, c), where c ∈ {0,H1,H2,H3,L1,L2,L3}Ly is
a categorical per-residue annotation indicating whether each
residue lies outside the candidate paratope or belongs to one
of the six CDR loops. Both are approximate: m may only
coarsely localize the true epitope, and c typically contains,
but is not identical to, the true paratope.

EpiCLIP learns an epitope encoder f and a paratope encoder
g that map candidate regions into a shared d-dimensional
embedding space,

e = f(x,m) ∈ Rd, p = g(y, c) ∈ Rd, (1)

and scores candidate compatibility by cosine similarity,

s
(
(x,m), (y, c)

)
=

〈
e

∥e∥2
,

p

∥p∥2

〉
, (2)

where s denotes the interaction score in the shared embed-
ding space.

This formulation recasts antibody-antigen interaction model-
ing as dense retrieval over approximate epitope and paratope
candidates. Given an antigen x, an antibody y, a set of
candidate epitope masks M(x) = {mi}Ki=1, a library of an-
tibodies Y , each with candidate paratope annotation cy , and
optionally a target epitope mtarget, we induce three retrieval
tasks:

m∗ = arg max
m∈M(x)

s
(
(x,m), (y, cy)

)
, (3)

y∗ = argmax
y∈Y

s
(
(x,mtarget), (y, cy)

)
, (4)

y∗ = argmax
y∈Y

max
m∈M(x)

s
(
(x,m), (y, cy)

)
. (5)

Eq. 3 corresponds to epitope mapping, Eq. 4 to guided
binder retrieval, and Eq. 5 to blind binder retrieval.
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4. Methods
4.1. Architecture

EpiCLIP employs a CLIP-style dual-encoder architecture
that maps epitope and paratope candidates into a shared
embedding space (Appendix A). In each encoder, a frozen
pretrained residue-level backbone first produces contextual
residue embeddings, after which a lightweight candidate-
conditioned aggregation module summarizes the proposed
interface region and a small projection head maps the result
into the shared embedding space. This design keeps the
trainable architecture lightweight while allowing the model
to refine coarse candidate regions rather than treating all
candidate residues uniformly.

For epitope encoding, the aggregator receives antigen
residue embeddings together with a binary mask m specify-
ing the candidate region, and uses a bottleneck self-attention
module followed by learned pooling to model interactions
within the candidate patch efficiently. For paratope encod-
ing, the candidate representation cy exposes additional struc-
ture as each residue is annotated by CDR loop identity. The
paratope aggregator therefore uses a hierarchical design: it
first summarizes residues within each of the six CDR loops,
then models interactions among the resulting loop-level
embeddings, and finally pools them into a single paratope
representation. Together, these modules allow EpiCLIP to
refine coarse local candidates while respecting their differ-
ing organization.

4.2. Sampling Synthetic Epitopes

In EpiCLIP, a natural prior for paratope candidates is CDR
regions, but no analogous epitope candidate set is imme-
diately available. We therefore generate synthetic epitope
candidates to approximate the coarse regional proposals
available at deployment. This aligns training with inference-
time candidates and expands supervision by generating mul-
tiple plausible and non-binding regions on the same antigen.

Conceptually, we view synthetic epitope generation as sam-
pling binary masks m ∼ P (m | x) over plausible antigen
regions. Because directly sampling residue subsets is in-
tractable, we factor this process through a residue-level
latent interface prior s ∈ RLx ,

P (m | x) =
∫

P (m | s, x)P (s | x) ds. (6)

Here, P (s | x) is an antibody-agnostic prior over plausible
interaction residues, and P (m | s, x) is a geometry-aware
sampler over spatially coherent antigen patches. In our ex-
periments, we instantiate P (s | x) with relative solvent
accessibility (RSA) (Tien et al., 2013), a deliberately weak
antibody-agnostic prior based only on residue exposure and
chosen to reduce leakage from a stronger learned epitope

predictor. We instantiate P (m | s, x) with a geometric
patch sampler that produces a finite set of candidate epitopes
M(x) = {mi}Ki=1. The same mechanism is used during
training and inference: during training, M(x) provides tar-
geted augmentation and intra-antigen negatives, while at
inference it defines the search space for epitope mapping
and binder retrieval (Appendix B).

4.3. Contrastive Objective

During training, a batch contains B antibody-antigen com-
plexes. For each antibody yi, we form a single paratope
candidate from its CDR annotation and embed it as pi =
g(yi, ci). For each antigen xi, we generate a finite set of syn-
thetic epitope candidates M(xi) = {mik}Kk=1, which are
embedded as eik = f(xi,mik). This yields an asymmetric
batch consisting of B paratope and B ×K epitope embed-
dings. Synthetic epitope candidates are labeled by their
overlap with the true epitope of the corresponding complex,
so a single paratope may have multiple valid positive epi-
tope candidates. Remaining patches from the same antigen
act as intra-antigen negatives, while candidates from other
complexes provide inter-antigen negatives (Appendix B.4).

We train EpiCLIP with a bidirectional InfoNCE objec-
tive (Oord et al., 2018) adapted to this asymmetric, multi-
positive setting. Let sij = p⊤i ej denote the similarity be-
tween paratope i and epitope candidate j, let P (i) denote
the set of positive epitope candidates for paratope i, and
let γ > 0 be a learnable temperature parameter. In the
paratope-to-epitope direction, each paratope must assign
high similarity to all synthetic positives:

Lp→e
i = − log

∑
j∈P (i) exp(γsij)∑BK
j=1 exp(γsij)

. (7)

Conversely, for each positive epitope candidate j, let t(j)
denote the index of its matching paratope. The epitope-
to-paratope direction requires each positive candidate to
identify the correct paratope among the B in the batch:

Le→p
j = − log

exp(γst(j),j)∑B
i=1 exp(γsij)

. (8)

The total InfoNCE loss is the convex combination,

LInfoNCE = λLp→e + (1− λ)Le→p, λ ∈ [0, 1] (9)

Together, these losses encourage a representation space that
supports both epitope mapping and binder retrieval over
local, approximate interface candidates (Appendix D).

5. Results
Data We train and evaluate EpiCLIP on antibody-antigen
complexes from the Antibody-Antigen Complex Database
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Figure 2. Binder retrieval (left) and epitope mapping (right), shown as success-rate versus coverage curves with low-coverage insets.
EpiCLIP performs best overall, with especially strong epitope mapping and a small guided-versus-unguided gap in binder retrieval.

(AACDB) (Zhou et al., 2025). Paratope candidates are
constructed from AHo-numbered antibody sequences using
AntPack (Parkinson & Wang, 2024), and synthetic epitope
candidates are generated from ESMFold (Lin et al., 2023)-
predicted antigen structures to avoid leakage from antibody-
conditioned holo complex geometry. Ground-truth epitope
and paratope labels are derived from resolved antibody-
antigen contacts using a 5.5 Å interface threshold. To
evaluate generalization to unseen antigen families, we split
the dataset by antigen sequence clusters using MMseqs2
(Steinegger & Söding, 2017) at 40% sequence identity with
a 50/25/25 train/validation/test partition. After preprocess-
ing and curation, this yields 3332 complexes (Appendix C).

Experiments We compare EpiCLIP against two CLIP-
style baselines designed to isolate the value of learning from
approximate interfaces. All methods use frozen ESM-2 (Lin
et al., 2023) and IgBert (Kenlay et al., 2024) residue em-
beddings with a shared 128-dimensional embedding space.
The CLIP (seq) baseline performs contrastive learning over
full antibody/antigen sequences , while the CLIP (interface)
uses exact interface annotations derived from resolved com-
plexes. These two baselines correspond to the methods
introduced in concurrent work CALM (Lee et al., 2026).
As the CALM code is not publicly available, we treat the
baselines as informative comparisons rather than exact re-
productions. For binder retrieval, each model is evaluated in
the inference regime it natively supports. For epitope map-
ping, each model utilizes its native paratope representation
to rank the same set of candidate antigen binding regions
(Appendix E).

Analysis Figure 2 shows that EpiCLIP is the strongest
overall model, with particularly strong epitope mapping
and competitive binder retrieval performance. On binder re-

trieval, when given exact interface annotations, CLIP (inter-
face) substantially outperforms the sequence-only baseline,
indicating that antibody-antigen specificity depends strongly
on localized binding information rather than global represen-
tations. However, this advantage is brittle, because it relies
on test-time access to exact interfaces that are unavailable in
realistic deployment settings. This limitation becomes most
apparent in epitope mapping, where both CLIP baselines
perform only marginally better than random, suggesting that
they learn only weak binding-site localization. By contrast,
EpiCLIP is trained on approximate candidates and paired
with aggregation modules designed to refine noisy local
regions, allowing it to exploit local structure without becom-
ing dependent on exact supervision. This is reflected both
in its small guided-versus-unguided retrieval gap and in its
strong epitope mapping performance, suggesting that the
model learns not only which antibodies bind, but also where
binding is likely to occur.

6. Conclusion
EpiCLIP frames antibody-antigen interaction modeling as
dense retrieval over approximate epitopes and paratopes,
combining a lightweight dual-encoder architecture with syn-
thetic epitope generation. This formulation supports binder
retrieval and epitope mapping while remaining aligned with
the noisy candidate regions available at deployment. Empir-
ically, EpiCLIP achieves strong performance on both tasks
and provides evidence that the learned representation sup-
ports binding-site localization in addition to binder ranking.
These results suggest that retrieval over approximate inter-
face candidates is a scalable alternative to exact-interface
supervision or exhaustive pairwise structural modeling for
antibody-antigen interaction prediction.
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A. Model Architecture

Epitope Encoder Paratope Encoder

Residue Embedding

MLP

Self Attention
×N

Masked Attention
Pooling

Pooled Embedding

Epitope Mask

Residue Embedding CDR Label

H1
Block

H2
Block

H3
Block

L1
Block

L2
Block

L3
Block

Self Attention

Masked Attention
Pooling

Pooled Embedding

Language Model

Aggregator

Projection Head

Embedding

Sequence

Figure 3. EpiCLIP architecture. A frozen antigen and antibody backbone first produce residue-level representations, which are then
summarized by candidate-conditioned epitope and paratope aggregation modules and projected into a shared contrastive embedding space.
The same latent space supports both binder retrieval and epitope mapping.

Dual Encoder Architecture EpiCLIP uses separate epitope and paratope encoders to map approximate interface candidates
into a shared retrieval space. On both sides, a frozen pretrained residue-level backbone first produces contextual residue
embeddings, after which a lightweight trainable aggregation module summarizes the candidate region into a single vector
and a projection head maps that vector into the shared embedding space. Concretely, for an epitope candidate (x,m) and a
paratope candidate (y, c), the model computes

Hepi = Bepi(x), Hpara = Bpara(y), (10)
zepi = Aepi(Hepi,m), zpara = Apara(Hpara, c), (11)

e =
Pepi(zepi)

∥Pepi(zepi)∥2
, p =

Ppara(zpara)

∥Ppara(zpara)∥2
, (12)

where Bepi and Bpara denote the frozen antigen and antibody backbones, Aepi and Apara denote the candidate-conditioned
aggregation modules, and Pepi and Ppara are projection heads into the shared contrastive space. The architectural differences
between the two sides arise entirely in the aggregation modules: epitopes are represented as masked antigen patches, whereas
paratopes are represented through the six annotated CDR loops.

The epitope and paratope encoders differ in how they aggregate candidate residues, but both reuse the same masked attention
pooling operator as a basic trainable summarization primitive. We therefore define this shared operator first, and then
describe how it is composed into the epitope and paratope aggregation modules.
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Masked Attention Pooling Let H ∈ RL×d denote a sequence of residue embeddings, where H = [h1, . . . , hL] and
each hi ∈ Rd, and let m ∈ {0, 1}L be a binary mask indicating which residues belong to the candidate region of interest.
The masked attention pooling block z = MAP(H,m) summarizes the variable-length sequence H into a single fixed-
dimensional vector z by learning a scalar importance score for each residue and normalizing these scores only over the
masked positions.

Embedding

MLP

Masked Softmax

⊙

∑

Mask

Pooled Embedding

Figure 4. Masked attention pooling. Residue embeddings are
scored by a small MLP, normalized with a mask-aware softmax over
valid positions, and combined into a single pooled embedding. This
operator is reused as a trainable summarization primitive in both the
epitope and paratope aggregation modules.

We first compute an unnormalized attention score for each
residue using a learned scoring network a : Rd → R,
implemented as a small multilayer perceptron:

si = a(hi), i = 1, . . . , L. (13)

These scores are then converted into attention weights
with a mask-aware softmax,

αi =
mi exp(si)∑L

j=1 mj exp(sj)
, (14)

so that residues with mi = 0 receive zero weight and
do not contribute to the final representation. The pooled
embedding is given by the weighted sum

z =

L∑
i=1

αihi. (15)

Thus, masked attention pooling can be interpreted as a
learned soft selection over the residues inside the candi-
date region, while enforcing hard exclusion of residues
outside the mask. In contrast to uniform average pooling,
this allows the model to emphasize the most informative
residues within the proposed interface while preserving the requirement that the output depend only on the masked subset.

Bottleneck Self-Attention Epitope Aggregator Let H ∈ RL×dres denote the residue-level backbone embeddings for an
antigen of length L, and let m ∈ {0, 1}L denote the candidate epitope mask. A natural way to model interactions within the
proposed epitope would be to apply self-attention directly to the backbone embeddings. However, the trainable projections
in a standard self-attention block scale quadratically with the hidden dimension, i.e. as O(d2res) per block. In our low-data
regime, this can make interaction modeling unnecessarily parameter-heavy. To address this, we first project the residue
embeddings into a lower-dimensional bottleneck space db ≪ dres, apply self-attention in that space, and then summarize
the resulting masked sequence with masked attention pooling. This reduces the parameter scale of each attention block from
O(d2res) to O(d2b), while still allowing the model to capture interactions among residues within the candidate epitope.

Formally, we first apply a learned linear projection

Z(0) = HWb + 1b⊤b , (16)

where Wb ∈ Rdres×db , bb ∈ Rdb , and Z(0) ∈ RL×db .

We then apply a stack of Nepi self-attention blocks in the bottleneck space:

Z(ℓ) = Tℓ

(
Z(ℓ−1),m

)
, ℓ = 1, . . . , Nepi, (17)

where each Tℓ denotes a transformer-style self-attention block operating under the mask m. In particular, residues with
mi = 0 are excluded from attention, so that contextualization occurs only within the proposed epitope.

Finally, the output of the attention stack is summarized using the masked attention pooling operator defined above:

eepi = MAP
(
Z(Nepi),m

)
. (18)

The resulting vector eepi ∈ Rdb is the aggregated epitope representation.
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Hierarchical Paratope Aggregator Let H(H) ∈ RLH×dres and H(L) ∈ RLL×dres denote the heavy- and light-chain
residue embeddings produced by the backbone, and let the six CDR loops be denoted by {H1,H2,H3,L1,L2,L3}. The key
inductive bias of the paratope aggregator is that the antibody binding surface is largely determined by interactions among
these six loops. Rather than applying self-attention over the full heavy-light residue axis, which would scale quadratically
in the total sequence length, we first summarize each loop independently and then model interactions only among the
resulting six loop embeddings. This yields a fixed six-token bottleneck, reducing cross-loop interaction modeling from
O((LH + LL)

2) to O(1), i.e. 62 = 36.

For each loop ℓ ∈ {H1,H2,H3,L1,L2,L3}, let mℓ denote the corresponding binary mask over the appropriate chain. We
compute a loop-level embedding by applying the same masked attention pooling operator to each loop:

uℓ =

{
MAP

(
H(H),mℓ

)
, ℓ ∈ {H1,H2,H3},

MAP
(
H(L),mℓ

)
, ℓ ∈ {L1,L2,L3}.

(19)

Here the same pooling module is reused across all six loops, so the model learns a shared within-loop summarization rule.

We then stack the six loop embeddings into a short sequence

U (0) =


uH1

uH2

uH3

uL1

uL2

uL3

 ∈ R6×dloop , (20)

together with a loop-presence mask q ∈ {0, 1}6, where qℓ = 1 if loop ℓ contains at least one residue and qℓ = 0 otherwise.

To model dependencies among loops, we apply a small self-attention stack over this six-token sequence:

U (k) = Sk

(
U (k−1), q

)
, k = 1, . . . , Npara, (21)

where each Sk denotes a mask-aware self-attention block operating over the loop axis. Finally, the contextualized loop
sequence is summarized with masked attention pooling:

epara = MAP
(
U (Npara), q

)
. (22)

The resulting vector epara ∈ Rdloop is the final paratope representation. In this way, the hierarchical aggregator separates
within-loop summarization from across-loop interaction modeling, yielding a compact architecture that is both biologically
structured and computationally efficient.

Implementation Choices Table 1 summarizes the default model choices used for the EpiCLIP experiments.

Table 1. Architecture choices for EpiCLIP. Model-defining settings for the main experimental configuration. Training hyperparameters
are reported separately Appendix D

Component Setting

Antigen backbone ESM-2 (650M) (Lin et al., 2023), frozen
Antibody backbone IgBert (Kenlay et al., 2024), frozen
Epitope aggregator Bottleneck self-attention
Epitope bottleneck dimension 256
Epitope attention layers 1
Paratope aggregator Hierarchical (self-attention-then-pool)
Paratope loop dimension 256
Shared projection dimension 128
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B. Synthetic Epitope Generation
Synthetic epitopes are used for EpiCLIP training and inference. To prevent leakage, in our experiments all synthetic epitope
generation stages operate on antigen structures predicted from sequence alone, so the folding model, residue prior, and
geometric sampler are applied without access to antibody-conditioned holo complex geometry.

Figure 5. Synthetic epitope generation pipeline. Starting from antigen sequence alone, we first predict an antigen structure, then
compute an antibody-agnostic residue-level prior, and finally construct candidate epitope masks with the geometric sampler. Because all
stages operate on predicted antigen structures rather than resolved holo complexes, candidate generation avoids leakage from antibody-
conditioned complex geometry.

B.1. Factorization of the Mask Distribution

Our goal is to generate candidate epitope masks m for an antigen x from a distribution over plausible surface regions,
m ∼ P (m | x). Following Eq. 6, we factor this distribution through a latent residue-level score vector s ∈ RLx :

P (m | x) =
∫

P (m | s, x)P (s | x) ds.

Here, P (s | x) is a residue-level prior over plausible interaction sites, and P (m | s, x) is a geometric distribution over
coherent residue patches conditioned on that prior. In our experiments, the predictor is deterministic: an RSA-based function
produces a single score vector ŝ(x). This corresponds to a point-mass prior

P (s | x) = δ
(
s− ŝ(x)

)
, (23)

under which the marginal mask distribution reduces to

P (m | x) =
∫

P (m | s, x) δ
(
s− ŝ(x)

)
ds = P (m | ŝ(x), x). (24)

Thus, candidate generation in our setting is fully determined by a conditional geometric sampler driven by the predicted
residue-level prior. For a candidate mask m, we define the unnormalized patch-level score

q(m; ŝ) = median({ŝj : mj = 1}) , (25)

and use q(m; ŝ) as an unnormalized proxy for P (m | ŝ(x), x) when ranking candidate patches produced by the sampler.

B.2. RSA Predictor

For the residue-level predictor P (s | x), we use relative solvent accessibility (RSA) (Tien et al., 2013) as a simple antibody-
agnostic prior over plausible interaction residues. RSA measures how exposed each antigen residue is to solvent, providing a
weak structural signal for whether that residue lies on the protein surface and is therefore available to participate in binding.
In our setting, the predictor outputs a scalar score si for each residue i, which is then used only to bias candidate generation
toward exposed surface regions. We deliberately chose RSA rather than a stronger learned epitope predictor, since the
goal of P (s | x) is not to solve epitope mapping directly, but to provide a weak biophysical prior for sampling plausible
candidate patches. This reduces the risk of task leakage while still constraining the combinatorial search space to regions
that could realistically support protein-protein interactions.
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B.3. Geometric Sampler

At a high level, the geometric sampler constructs a finite set of spatially coherent candidate masks M(x) = {m1, . . . ,mK}
on the antigen structure, conditioned on the residue-level RSA scores ŝ(x). More formally, under the deterministic
predictor described above, synthetic epitope generation reduces to constructing candidate masks under the conditional
distribution P (m | ŝ(x), x). Operationally, we approximate this distribution with a scored finite proposal poolMprop of
geometric patches centered at high-priority residues, where each proposal is assigned an unnormalized score q(m; ŝ). The
final candidate set M(x) is then obtained by selecting from this pool, either through diversity-aware clustering or direct
score-based ranking.

Proposal Pool The first stage of the geometric sampler constructs a proposal poolMprop by centering local patches
at high-scoring residues under the predictor prior. Starting from the residue-level score vector ŝ(x), we identify hotspot
residues whose scores exceed a threshold τ , and around each hotspot we form a spherical patch on the antigen structure.
Each patch is assigned a patch-level score q(m; ŝ), yielding a scored finite proposal pool of candidate epitopes.

Algorithm 1 Geometric proposal pool generation

Require: Antigen Cα coordinates X = (x1, . . . , xLx) ∈ RLx×3, residue scores ŝ ∈ RLx , hotspot threshold τ , patch radius
r, optional patch cap k

Ensure: Scored proposal poolMprop

1: H ← {i ∈ {1, . . . , Lx} : ŝi ≥ τ} // hotspot anchors
2: Mprop ← ∅
3: for all i ∈ H do
4: m(i) ← Ball(xi;X, r, k) // local spherical patch
5: q

(
m(i); ŝ

)
← median

({
ŝj : m

(i)
j = 1

})
// patch score

6: Mprop ←Mprop ∪ {m(i)}
7: end for
8: return SortByScore(Mprop, q(·; ŝ)) // descending patch score

In Algorithm 1, each residue is represented by a single 3D point in the coordinate matrix X , such that the Ball(xi;X, r, k)
operator returns the binary mask of residues whose Cα coordinates lie within Euclidean distance r of anchor residue i,
optionally truncated to the k nearest residues when a patch-size cap is used.

Candidate Selection The second stage of the geometric sampler converts the scored proposal poolMprop into a final
candidate set M(x). When diversity selection is enabled, highly overlapping proposal masks are clustered together and
only one representative is retained from each cluster. When diversity selection is disabled, candidates are returned directly
in descending order of their patch scores. In both cases, the goal is to produce a compact candidate set that preserves
high-scoring antigen regions while avoiding unnecessary redundancy.

In Algorithm 2, proposal masks are compared using Dice distance,

dDice(m,m′) = 1− 2|m ∩m′|
|m|+ |m′|

, (26)

and clustered by complete-linkage hierarchical agglomerative clustering. We use Dice here because candidate selection is a
symmetric redundancy-reduction problem between proposal masks, with neither side playing a privileged role. The operator
HAC(Mprop, dDice, ·) takes as input the proposal pool, the pairwise Dice distance, and either a target number of clusters K
or a distance threshold tdiv, and returns the corresponding cluster family C. Thus, M(x) is a selected subset of the scored
proposal poolMprop, obtained either by diversity-aware clustering or by direct score-based ranking.

B.4. Training and Inference Sampling

Both training and inference begin from the same scored proposal poolMprop, and differ only in how those proposals are
filtered and selected. During training, each candidate mask m ∈Mprop is compared to the ground-truth epitope E using

10



550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604

EpiCLIP: Learning Antibody-Antigen Interactions from Approximate Interfaces

Algorithm 2 Candidate selection from the proposal pool

Require: Scored proposal pool Mprop, diversity flag select diverse, target number of clusters K or diversity
threshold tdiv

Ensure: Final candidate set M(x)
1: if select diverse = false then
2: return SortByScore(Mprop, q(·; ŝ)) // optionally truncate to top-K
3: end if
4: if K is specified then
5: C ← HAC(Mprop, dDice,K) // cut into K clusters
6: else
7: C ← HAC(Mprop, dDice, tdiv) // cut by Dice threshold
8: end if
9: M(x)← ∅

10: for all C ∈ C do
11: m∗

C ← argmaxm∈C q(m; ŝ) // highest-scoring representative
12: M(x)←M(x) ∪ {m∗

C}
13: end for
14: return SortByScore(M(x), q(·; ŝ)) // descending patch score

the Tversky overlap.

Tvα,β(m,E) =
|m ∩ E|

|m ∩ E|+ α|m \ E|+ β|E \m|
. (27)

We use Tversky overlap here rather than Dice because labeling is an asymmetric comparison between a candidate patch and
the ground-truth epitope. For epitope mapping, it is generally more important that a candidate cover the full binding region
than that it match the exact epitope boundary, since a coarse but covering patch remains biologically informative whereas
a patch that omits true binding residues can lose essential interaction context. This asymmetry also matches the encoder
design: residues outside the candidate mask are excluded from the model, while moderately oversized candidates can still be
refined downstream. This induces three bins,

P = {m ∈Mprop : Tvα,β(m,E) ≥ τ+}, (28)
N = {m ∈Mprop : Tvα,β(m,E) ≤ τ−}, (29)
U =Mprop \ (P ∪N ), (30)

corresponding to positive, negative, and intermediate-overlap candidates, respectively. Positive training examples are drawn
from P , while intra-antigen negatives are drawn from N ; intermediate-overlap candidates in U are discarded to avoid
ambiguous supervision. When multiple candidates in a bin are highly redundant, candidate selection is applied within that
bin before sampling so that the selected patches cover distinct antigen regions. At inference time, no ground-truth epitope is
available, so this overlap-based binning is omitted entirely: the final candidate set M(x) is obtained directly from the scored
proposal poolMprop using Algorithm 2, and retrieval or epitope mapping is performed over those candidates. In this way,
training and inference operate on the same family of approximate epitope regions, differing only in whether ground-truth
overlap is available for labeling.

C. Data and Preprocessing
The training and evaluation data were derived from the Antibody-Antigen Complex Database (AACDB) (Zhou et al., 2025).
We retain only entries with a single antigen chain and paired heavy- and light-chain antibody sequences. Antibody variable
regions are extracted and AHo-numbered with AntPack (Parkinson & Wang, 2024), and converted into the six-loop paratope
annotation used by EpiCLIP. Ground-truth antigen epitope masks and heavy/light paratope masks are derived from resolved
heavy-atom contacts, with a distance threshold of 5.5Å. For synthetic epitope generation, antigen structures are predicted
from sequence alone with ESMFold (Lin et al., 2023), and all downstream candidate-generation steps operate on these
predicted antigen structures rather than resolved holo complexes. To obtain leakage-controlled train/validation/test splits, we
cluster antigens with MMseqs2 (Steinegger & Söding, 2017) at 40% sequence identity and assign entire antigen clusters,
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rather than individual complexes, to the three splits. Cluster assignment is optimized to match the target 50/25/25 split while
also requiring each split to contain at least 10% of the assigned antigen clusters. This yields 3332 curated complexes across
542 antigen clusters, with no single antigen cluster accounting for more than 20% of any split.

D. Training Methodology
Training Configuration Model-defining settings for EpiCLIP are summarized in Table 1. We train EpiCLIP with the
bidirectional InfoNCE objective described in Subsection 4.3, using a batch size of 8 antibody-antigen complexes. This batch
size is defined at the complex level; the total number of embedded objects per batch is larger, since each complex contributes
one paratope candidate together with a variable number of synthetic epitope candidates as described below. Optimization
uses AdamW with learning rate 10−4 and weight decay 10−2 for model parameters, while the learnable loss scalars are
optimized separately with learning rate 10−5 and zero weight decay. We initialize the InfoNCE temperature to 0.1 and
weight the paratope-to-epitope and epitope-to-paratope directions equally with λ = 0.5. Training uses a warmup-cosine
learning-rate schedule with 5% warmup, runs for at most 15 epochs, and applies gradient clipping with norm 5.0. We save
checkpoints by both validation loss and validation blind-binder performance, and use the latter directly for model selection.
EpiCLIP was implemented in PyTorch and PyTorch Lightning and trained on a single NVIDIA L40S GPU, with training
completing in less than 10 hours.

Synthetic Supervision Configuration For both training and inference, synthetic epitope candidates are generated using
the geometric proposal family described above in Subsection B.3 with patch radius r = 15.0Å. During training, we use a
hotspot threshold of 0.1 so that negative candidates are drawn from structurally plausible surface regions rather than arbitrary
low-score patches. Candidate masks are then binned against the ground-truth epitope using the Tversky overlap from Eq. 27
with α = 0 and β = 1, together with positive and negative thresholds of τ+ = 0.7 and τ− = 0.5, respectively. Under this
choice, the Tversky score reduces to epitope coverage, i.e. the fraction of the ground-truth epitope captured by the candidate
mask, matching the asymmetric motivation described in Subsection B.4. From this binned proposal pool, we select one
positive synthetic epitope as the highest-overlap candidate and eight intra-antigen negatives using diversity-aware selection
from the low-overlap bin.

Baseline Training Baseline models are trained with the same bidirectional InfoNCE objective as EpiCLIP, using the
same frozen residue-level backbones, projection heads, and training hyperparameters. For the sequence-only CLIP baseline,
the antigen and antibody are each represented as a single full-sequence candidate, which can be viewed as using all-ones
masks over the corresponding inputs. For the exact-interface CLIP baseline, the antigen and antibody are represented by
their resolved epitope and paratope interface annotations. In both cases, training operates on one antigen candidate and
one antibody candidate per complex, so these baselines do not use synthetic epitope sampling or intra-antigen decoys. On
both the antigen and antibody sides, we use simple mean pooling rather than the EpiCLIP aggregation modules. This
choice is partly architectural, since the hierarchical paratope aggregator assumes CDR-structured inputs and is therefore not
applicable to arbitrary full-sequence or interface masks, and partly comparative, since mean pooling more closely matches
the design choices used by CALM (Lee et al., 2026).

E. Evaluation Methodology
All evaluation is performed on the held-out test split described in Section C, using the deployment tasks introduced in
Section 1 and formalized in Section 3. We evaluate each model directly on binder retrieval and epitope mapping, using the
same candidate-based inference setting that EpiCLIP is designed to support at deployment.

Retrieval Protocols Binder retrieval is evaluated by ranking antibodies from the held-out antibody library against a
target antigen. For the sequence-only CLIP baseline, retrieval is performed using full antigen and antibody sequence
representations. For the exact-interface CLIP baseline, guided retrieval is performed using ground-truth epitope E and
ground-truth paratope P annotations, since this model is trained directly on exact interface masks. For EpiCLIP, antibody
candidates are always represented by their CDR-defined paratope candidates, while antigen candidates are drawn from
the same synthetic proposal family used during training. In the guided setting, the target epitope mtarget is chosen as the
synthetic candidate with highest Tversky overlap to the ground-truth epitope E, using the same (α, β) parameters as in
training. In the blind setting, EpiCLIP scores each antibody by its best-matching candidate region in the antigen candidate
set M(x), as in Eq. 5. At inference, we retain up to 64 synthetic candidates per antigen for binder retrieval. Thus, each
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model is evaluated on the type of input it was trained to consume, avoiding unnecessary out-of-distribution inference settings
while preserving a fair comparison of retrieval behavior. This also highlights a key distinction between model families:
EpiCLIP is the only method that natively supports both guided and blind binder retrieval over local approximate antigen
regions.

Epitope Mapping Epitope mapping is evaluated only in the unguided setting, since the goal is precisely to localize the
binding region on the antigen. For a fixed antigen-antibody pair, the retrieval set consists of synthetic epitope candidates
from the same proposal family used elsewhere in EpiCLIP, as described in Section B; in our experiments, we retain up to
256 diverse candidate patches per antigen so that the candidate set covers distinct regions of the antigen surface. The true
epitope E is not included directly in this retrieval set, because at deployment the exact binding site is unknown and epitope
mapping must operate over approximate candidate regions rather than resolved interfaces. The antibody-side query differs
by model family: the sequence-only CLIP baseline uses the full antibody sequence representation, while the exact-interface
CLIP baseline uses the exact paratope representation, and EpiCLIP uses the CDR-defined paratope candidate. The correct
target epitope is defined as the synthetic candidate mtarget with highest Tversky overlap to the ground-truth epitope E, using
the same overlap definition as in guided binder retrieval. Candidate patches are then ranked by their CLIP score with the
antibody-side query, and performance is measured by how highly mtarget is ranked relative to the other synthetic candidates
on the same antigen.

Metrics All reported metrics are computed from the ranked retrieval lists produced by the evaluation protocols above. For
a given query, let the rank of the correct target be r and let N denote the size of the corresponding retrieval set. Coverage is
defined as the fraction of the ranked list examined, c = k/N , where k is a prefix length, and success rate at coverage c is the
fraction of queries for which the correct target appears within the top-k positions. The main-text curves in Figure 2 therefore
plot success rate as a function of coverage, summarizing retrieval quality across the full ranking rather than at a single cutoff.
In the appendix tables, we additionally report percentile rank together with a set of top-of-list metrics: mean reciprocal rank
(MRR) and recall at fixed cutoffs (Tables 2 and 3). Percentile rank normalizes the target rank by the size of the retrieval
set and therefore reflects aggregate ranking quality across tasks with different candidate-set sizes. By contrast, MRR and
R@K place greater weight on whether the correct target appears near the top of the list, making them especially useful for
practical screening settings where only the highest-ranked candidates are likely to be inspected. Together, these metrics
provide both a global view of ranking quality and a more top-heavy view of early retrieval performance.

F. Extended Results

Percentile Rank Top-of-List Metrics

Method Mean Median MRR R@1 R@10

CLIP (seq), unguided 0.621 0.671 0.032 0.001 0.077
CLIP (interface), guided 0.693 0.766 0.036 0.006 0.079
EpiCLIP, guided 0.686 0.740 0.039 0.010 0.066
EpiCLIP, unguided 0.696 0.749 0.039 0.012 0.054

Table 2. Binder retrieval. Extended retrieval metrics. In each column, the best result is shown in bold and the second-best is underlined.

Percentile Rank Top-of-List Metrics

Method Mean Median MRR R@1 R@10

CLIP (seq) 0.516 0.522 0.049 0.014 0.090
CLIP (interface) 0.524 0.529 0.054 0.018 0.091
EpiCLIP 0.656 0.695 0.120 0.052 0.241

Table 3. Epitope mapping. Extended retrieval metrics. In each column, the best result is shown in bold and the second-best is underlined.
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